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1 Abstract 
The behaviour of single installations of solar energy systems is well understood; however, what 
happens at an aggregated location, such as a distribution substation, when output of groups of 
installations cumulate is not so well understood. This paper considers groups of installations 
attached to distributions substations on which the load is primarily commercial and industrial. 
Agent-based modelling has been used to model the physical electrical distribution system and the 
behaviour of equipment outputs towards the consumer end of the network. The paper reports the 
approach used to simulate both the electricity consumption of groups of consumers and the output 
of solar systems subject to weather variability with the inclusion of cloud data from the Bureau of 
Meteorology (BOM). The data sets currently used are for Townsville, North Queensland. The initial 
characteristics that indicate whether solar installations are cost effective from an electricity 
distribution perspective are discussed. 
2 Introduction 
The work presented in this paper is part of a large project which is using agent-based modelling to 
assist in understanding the impact of renewable energy sources on the electricity distribution system 
controlled by Ergon Energy in Queensland. This distribution system covers approximately 1.5 million 
square kilometres outside of the south east corner of Queensland. The focus of this project is on the 
physical infrastructure of the distribution network, rather than economic or market models. 
This paper concentrates on solar energy issues. Currently, the major consideration for energy 
generators and distributors is to reduce peak load, as the current regulatory regime requires that the 
distributors achieve high levels of reliability on their networks. The current mix of electricity 
generation, with a high proportion of coal-fired capacity, also favours a stable base load with 
minimal variation. Obviously, if energy storage is not used, the prime consideration is in identifying 
those circumstances where solar energy can be harvested at times of high overall electricity 
demand. 
 
The aim of the work presented in this paper is to understand the contribution solar panel output can 
have at different locations on a distribution network; performing analyses at a fine level of 
granularity, both spatially and over time. The contribution of this paper is the presentation of the 
methods used when analysing the benefit of increasing the level of solar panels to reduce peak 
consumption at a given location on a distribution grid. The analysis is performed using historical load 
data for the different customer types (residential, commercial and industrial) gathered at 30 minute 
intervals over a year (2010) and simulated for any node in the distribution network. Townsville was 
chosen as the first location for analysis because it was one of the locations chosen under the Solar 
Cities program, comparatively reliable data sets were available and Townsville has a high level of 
solar energy availability. Solar panel outputs are computed for that same time period and location, 
using the usual equations to estimate the solar energy output of the system(Duffie and Beckman 
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2006; p11-15), as well as taking into account weather variability with the inclusion of cloud data 
from the Bureau of Meteorology (BOM). 
 
Being able to simulate both consumption load and solar panel output for a standard 1kW PV system 
at a given point on the network for every ½ hour supports the identification of areas that would 
most benefit from the installation of PV. From these 2 simulated outputs, a number of analyses can 
be performed. Firstly, by comparing simulated load and simulated solar output, it is possible to 
understand the potential real contribution of solar panels at a given point in the network by 
calculating how much PV would need to be added to reduce the peak by given amounts. Secondly, 
having these simulations at fine level of detail, both in time and geography, accounting for the 
variation in the consumption from users as well as the production of electricity by PV systems, 
subject to actual weather information (cloud passing over the panels) can be useful especially since 
it can highlight those times that see extremes happen, which cannot be predicted when using the 
usual averages over large areas. 
 
This paper introduces the simulation framework, describing the types of analyses possible, 
technically enabled through its modular structure. The methods specific to the analysis presented in 
this paper are then introduced. They describe the algorithms used to simulate the consumption load 
at any location in the network for any time of the year, as well as the expected output for a given 
1kW solar panel under real weather conditions at a given location. Finally, results of an analysis for a 
selected transformer are given and discussed, showing the benefit of using this type of analysis 
when looking at shaving peak electricity demand for a given area of concern, from the point of view 
of a distribution company. 
3 The framework 
A simulation framework is being built to assess the impact of the large-scale introduction of 
renewables on the physical behaviour of a distribution network. A range of analysis types are 
required in order to tackle such a complex question. Some of these analyses can be performed in 
isolation, while others need to be integrated in a holistic manner. In both cases, the technical 
characteristics of the electricity distribution grid are taken into account as well as the economic and 
sustainability challenges of minimising cost and carbon intensity. Consequently, this framework has 
been built using a modular approach, allowing the different types of analyses to be performed 
according to current needs. Representing the different elements of an analysis, including 
relationships to other analyses, allows the assessment of the impact of a change in one part of a 
system on other parts, which is a more accurate representation of what happens in reality. 
The analysis presented in this paper falls into the category of analyses that can be performed 
independently, where the question being answered is: “What is the capacity of solar generation 
that would reduce peak demand at particular points in the network?”. With the platform built in a 
modular way, the simulation model to answer this question can be reused when performing more 
complex analyses. In the future, solar panels will be considered with other forms of renewable 
technology and extended to the interaction with battery storage. 
A more complex analysis type, combining different analyses modules, is used when planning for a 
distribution network upgrade/maintenance, using simulated data at a fine level of granularity, both 
geographically and over time. Within this framework, an Agent-Based Model (ABM) and a Particle 
Swarm Optimisation (PSO)) need to be integrated. ABM is used to represent the different system 
units accurately and dynamically, following the changes over time and at different levels of detail in 
the distribution network. The PSO module allows finding the most economical mix of network 
extension and integration of distributed generation over long periods of time(Boulaire, Utting et al. 
2012). 
The method and results of the analysis presented in this paper are part of this overall framework, 
implemented in a distinct module that can either be run independently or combined as part of 
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larger, more complex analyses. The existing ABM part of the framework is used in combination with 
a newly implemented module that simulates the PV output at a given location under local weather 
constraints. The methods used for these two simulation modules are described below. 
4 Methods 
Since measured time interval data is not available for most customers, simulation of load 
consumption for individual customers and output of solar panels at the customer location were 
performed. The area of study was limited to Townsville, Queensland; and the simulations were done 
for every half hour over a one year period (2010).  
4.1 Simulation of the electricity load 
As mentioned above, the framework contains a module implemented using an Agent-Based 
Modelling approach. In this module, the agents represent the different assets the distribution 
network whose behaviours influence the load consumed or flowing through the electricity 
distribution network. 
This model was built using the following types of data: 
• Network connectivity data: this is the information about the different assets (transformers, 
switches, lines, etc. at the Medium Voltage level) and the customers (Residential, 
Commercial or Industrial) that make up the network. Their characteristics and configuration 
are stored within the module. The topological relationships defining the structure of the 
network are also stored. 
• Electricity demand data: three datasets were available and used for different purposes: 
o Simulation calibration 
 Quarterly billing consumption data for every customer for year 2010 
 Half-hourly consumption data for a limited number of customers for year 
2010 
o Simulation validation 
 Half-hourly consumption data at feeder level for year 2010, for some 
transformers 
 
These 2 types of datasets were combined so that for each asset described in the distribution 
network, the electricity consumed by it (in the case of customers) or flowing through it (for feeders, 
etc.) was simulated for each ½ hour over a given period of time. The setup of the simulation consists 
of 2 steps: 
1. Each customer, located at a leaf of the distribution network is allocated a consumption 
profile from the set of available measured demand profiles, according to the algorithm 
described in Algorithm 1. The profile is scaled to match the quarterly billing information; 
2. Each node in the network has the electricity load summed up as the branches are being 
connected up to the top of the tree. 
 
Algorithm 1 – Description of the allocation of demand profiles for each customer in the distribution network. 
The allocation of the interval data profiles to a customer  is done as follows: 
1. The tariff and the annual demand are obtained for each customer. 
2. From the complete list of consumption profiles, 
a. a subset is extracted that contains all the profiles that have the same category (R, C 
or I) and tariff as the given customer. If no match is found: 
b. a subset is extracted that contains all the profiles with the given tariff, regardless of 
the customer category (from the exploration of the interval data and billing 
datasets, there is always at least one profile that is of the corresponding tariff) 
3. From this reduced set of profiles, a subset is further narrowed according to a check on the 
profile average and peak demand against the customer annual demand such that: 
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a. the average demand of the profile * 3 >= to the demand of the customer and (the 
peak of the profile < than 10 * the average profile or the peak of the profile < 10) 
4. From this subset, a random profile is chosen 
5. If there is no profile available for either the substation or the category from all the available 
profiles, no profile is returned and an exception is thrown. 
6. The selected profile is scaled, so that the sum of the ½ hourly data over the year 
corresponds exactly to the annual billing data of each customer, ensuring accuracy in the 
annual estimation of electricity consumption. 
 
A simulation over a given distribution network containing 92,261 asset agents was performed and 
output for every half hour over 20 years.  
 
4.2 Simulation of the solar panel output 
Many software packages (e.g.(National Renewable Energy Laboratory 2012), (HOMER ENERGY 
2012), (H2RES MODEL 2009)) are available to estimate the PV output of a standard solar panel, given 
its characteristics, at a given location. However, the weather files used in these types of software are 
based on a TMY (Typical Meteorological Year). This can be useful when planning to install a solar unit 
and wanting to size it and see its economics for an average year. 
However, in the context of this analysis, a more detailed model is required, so that the demand and 
the PV output can be compared at each time throughout a specific year. While the expected average 
of a PV output over a given time duration can be estimated, this can vary greatly depending on the 
level of cloud cover. Not only is the PV output dependent on the weather conditions, but in many 
cases, the electricity consumption is also dependent on the weather conditions. Correlating these 
requires real rather than normalised data. This happens for example when the load is greatly 
dependent on the use of air-conditioners, as is the case in many office based commercial customers. 
Consequently, in order to calculate the benefit of installing PV to support the load on the network, it 
is important to simulate its output at the same location as the load and with the same weather 
conditions. 
 
Algorithm 2 was developed to predict the output of a solar panel at a given location. 
This model was built using the following data: 
• Weather information: this information describes the cloud levels at the beginning of each 3 
hour period (in Octas: 0=clear .. 8=total), as well as the global daily irradiance (ranging 0 .. 35 
MJ/m2) for a given location. This was obtained from the Bureau of Meteorology for the 
station of interest (closest to the area of analysis).  
• Solar panel information: this information was chosen for a set type of solar panel. It is an 
input to the program and can be changed as required. The information needed is the rating, 
geographical information (latitude and longitude), azimuth, tilt, and derate factor.  
 
Because of the nature of the data available, the algorithm proceeds in three steps. The first step 
estimates the available beam and diffuse irradiance for every half hour, based on cloud information.  
The results are expressed as a ratio (0.0-1.0) relative to the standard test conditions for solar panels: 
irradiance level 1000 W/m2, spectrum AM 1.5, cell temperature 25°C, and solar spectral irradiance 
per ASTM E 892 (Endecon Engineering and Regional Economic Research Inc 2001). The second step 
calculates the proportion of this irradiance that actually falls on the surface of the solar panels, 
based on the time of day, time of year, location, azimuth and tilt of the solar panels (Duffie and 
Beckman 2006).  The third step calculates the expected AC output, given the rating and derate 





Algorithm 2 - Description of the calculation of PV system output at a given location, under given weather conditions, 
taking into account the passage of clouds. 
For each date, and each ½ hour time, t: 
1. Cloud values in Octas (0..8) are converted into percentage of irradiance, which was derived 
from 2010 BOM data, as shown in Figure 1. 
Calculate the direct and diffuse ratios: 
totalRatio = gaussian(mean(cloud(t)), stdev(cloud(t)))    (see Table 1) 
diffuseRatio = diffuseGraphLookup(totalRatio)     (see (Liu and Jordan 1960) Figure 5) 
directRatio = totalRatio - diffuseRatio 
1. irradiance(t) = irradiance(directRatio, diffuseRatio, date, t)  
2. PV(t) = irradiance(t) * PVSize * DerateFactor 




Figure 1 – (a) normalized global daily irradiance versus sum of daytime cloudiness values (6am 9am, 12pm 3pm) – (b) 






Table 1 – Mean and standard deviation of normalised global daily irradiance for each level of cloud coverage value 
Cloud 0 1 2 3 4 5 6 7 8 
Mean 96.78% 95.33% 93.93% 92.04% 88.42% 83.92% 79.10% 66.77% 41.55% 
StdDev 0.020885 0.023868 0.037731 0.056546 0.075175 0.106574 0.101828 0.142173 0.111793 
 
From Figure1 (b), statistics on the percentage of global total irradiance were derived for each cloud 
level and are shown in Table1. 
After having determined the total global irradiance for each half-hour period based on random 
sampling of the cloud distribution, that total irradiance is then split into direct and diffuse 
components based on (Liu and Jordan 1960). 
 
Example outputs from steps 1 and 2 on the 1st of January 2010 (with three-hourly cloud data of 8, 1, 




Figure 2 - Example output from steps 1 and 2 of the PV algorithm for 1 Jan 2010.  Step 1 produces the disaggregated 
direct and diffuse irradiance ratios throughout the whole 24 hour period.  Step 2 produces the irradiance falling on the 




Figure 3 shows some example outputs from step 3 with a PV rating of 2kW and a derate factor of 0.8 
for the 1st of January 2010, with two different random seeds, and three levels of cloudiness (0, 7, 8). 
 





5 Results and Discussions 
Using the methods described above, 30 runs were performed for both the simulation of the load at a 
given transformer in Townsville, and the solar panel output at that same location for year 2010. The 
solar panel characteristics were: latitude (19.2500° S), longitude (146.8000° E), tilt (9degrees), 
azimuth (180 degrees, that is facing north), derate factor (0.77), rating (1kW); and all the calculations 
are done for a 1kW solar panel. 
5.1 Identifying the number of Solar Panels required to reduce peak load 
Using the simulation runs of both PV and load, the average over each of the 30 simulations was 
calculated for each ½ hour over 2010. These were then plotted against one another as shown in  
Figure 4.  
 
If the load was exactly correlated with the PV output, all the points would lie on a straight line, 
meaning that at any time during any day of the year, the PV output would be exactly proportional to 
the load. Obviously this is not realistic. An interesting characteristic of these graphs however, is in 
their shape. The heavier the cloud of points towards the far right top corner of the graph, the more 
likely the peak consumption will be clipped. This can then be used to size the PV capacity for that 
particular location by dividing the load to be clipped by the proportion of the output of a 1kW PV. 
This gives the number of 1kW units that would need to be installed to provide that level of peak 
clipping.  
 
Considering the example given in Figure4, a rectangle has been drawn which corresponds to the 
points to be clipped. The aim is to reduce the peak load under 120 kW. The amount of PV capacity 







 Where  is the peak at time t and 	

	is the maximum desired load on this transformer 
(120kW in this example); PVt is the PV output at time t for the 1kW solar panel described above 
under weather conditions at time t.  
 
This will then give the maximum size of PV required, which will then be used to inform the economic 
analysis. Note that if demand is high (> ClippingValue) when PV is zero, the result says that an 
infinite amount of PV is required, which shows that PV cannot be used to reduce peak demand. This 
is typically the case for residential feeders, where the peak demands tends to be between 6pm and 
8pm. 
In this example, the maximum load for the simulation is 128.754 kW, requiring a clipping value of 
8.754 kW. At the peak load time, the PV output was estimated at 0.550 kW. Consequently, a PV of at 
least 15.9 kW capacity is required. 
Having this increased capacity of PV, the simulation can be run again in order to examine load 
reduction at other times of the year. While this number gives the maximum required PV capacity, 
intermediate levels may be used to provide a more balanced economic perspective. 
 
Based on the amount of PV required to reduce the peak demand to various levels, an economic 
analysis of future upgrade options was performed using GAMS/CPLEX (GAMS Development 
Corporation 2012), assuming an annual peak demand growth of 3.8% and a transformer capacity of 
170kW (i.e. 200KVA with a power factor of 0.85).  The demand will exceed the transformer capacity 
in 2019, and will eventually require a transformer upgrade, but for this transformer it is possible to 
defer that upgrade by installing PV.  Assuming a PV capital cost of $5000/kW, the optimal economic 
solution is to install 8kW of PV in 2019, and defer the transformer upgrade until 2020.  With a lower 
PV capital cost of $3500/kW, the optimal solution is to install 8kW of PV in 2019, an additional 9kW 




Figure 4 – Simulated consumption load versus simulated PV output. 
 
 
5.2 Validation of Simulations  
The simulation results were validated against measured data for the transformer used in this 
example. However, no measured solar panel output data was available for that location. Figure 5 
shows two graphs of the load consumption versus simulated PV output, (a) being the simulated load 
and (b) the measured load. The data was further distinguished according to whether the load is 
consumed during the week or the weekend, indicating in a sense the type of business the 
transformer covers. As shown in this figure, the simulated data did not exactly match the actual 
load. 
The percentage error was calculated for every data point (every ½ hour) and these errors averaged 
to 30% over the simulation year (2010), while the total yearly consumption error amounted to 3%. 
Such discrepancy in the results can be explained by the choice of the simulation algorithm. Indeed, 
as described in the Methods section, the simulation for the load consumption relies on the 
appropriate selection of existing profiles, and scaling them in order to obtain the accurate yearly 
consumption. While the overall yearly consumption is accurate, this approach can lead to varying 
results depending on the selected profiles. No information is available at this stage regarding the 
provenance of individual demand profiles, due to privacy issues, except from the knowledge that it is 
a customer of type Commercial. Consequently, significant differences in results can be obtained. 
 
Figure 6 illustrates this type of difference in simulation output. Two simulations have been selected 
that give very different shapes in the results. In the first case, Figure 6 (a), the simulation seems to 
be dominated by two types of commercial customers, one that has a weekend pattern while the 
other one seems to have a continuous pattern of activity (some red dots have high values, similar to 
blue ones). In Figure 6 (b) however, there is very little difference between weekly and weekend 
patterns suggesting that profile of commercial customers with continuous load consumption have 
been selected. 
In order to reduce these types of error, more information about the commercial customers is 
required. As such, it would be extremely useful when dealing with commercial customers to have 
information at least relating to some characteristics of the business (Monday to Friday opening 
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hours or 7/7, seasonal patterns or yearly constant, 9-5 or 24 hours…), at least narrowing down the 
profiles to be allocated at the right location. 
Requests have been made to the holders of the input data for higher levels of customer 
characterisation. This should be available shortly. 
 
Figure 5 – Simulated and Measured Load Consumption versus simulated PV output. 
  
(a)Simulated Consumption versus Simulated PV 
output 
(b) Measured Consumption versus Simulated PV 
output 
 
Figure 6 – Example of 2 simulated consumption outputs versus simulated PV output. 
  
(a)Influence of 2 types of Commercial Loads 
(weekend pattern and continuous pattern) 
(b)Influence of a Commercial load that is constant 
regardless of weekends 
6 Conclusion 
This paper has demonstrated the successful use of methods to analyse the benefits of introducing 
solar panels into groups of customers, or directly into the electricity distribution network. While the 
data used in the analyses was for Townsville, Queensland, the method used has wider applicability. 
The results presented here were for a given transformer, but this analysis can also be done at the 
customer, feeder, distribution substation and zone-substation level. Also, different orientations of 
PVs have been tried and only the results for one are presented here; comparison of best PV 
orientations can also be performed. 
The next steps will be to extend the analyses to larger groups of customers and transformers/sub-
stations. Exhaustive search is unlikely to be appropriate once the population size scales up. 
Fortunately another module within the overall software framework identifies power system 
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components that are overloaded. This provides the potential for heuristic driven search of the 
solution space. 
Another area of future work will be in increasing the accuracy of the simulation output for 
consumption load. As discussed in the results section, the simulation output for the load 
consumption can vary depending on the customer types allocated within the simulation. This could 
be improved if additional information regarding the customers were available, such as information 
relating to the activity type of pattern (Monday to Friday opening hours or 7/7, seasonal patterns or 
yearly constant, 9-5 or 24 hours). Having such information, allocation of profiles could be done more 
accurately using clustering of the available profiles according to these characteristics. Other methods 
for load estimation at the customer level could also be implemented, such as regression analysis on 
factors that are influencing consumption (e.g. day of the week, weather conditions). Such methods 
have already been applied in the context of the larger project, but for residential customers only. 
These will now be applied for those commercial customers whose peak load is mainly driven by air-
conditioners, such as offices. 
7 Acknowledgment 
The authors gratefully acknowledge the support of the State of Queensland acting through the 
Department of Employment, Economic Development and Innovation (Employment Industry Development 
and Innovation) and the National and International Research Alliances Program for their financial 
contribution, the contributions of diverse partners on this project and especially Ergon Energy for 
providing the data used in this analysis. 
8 References 
 
Boulaire, F. A., M. Utting, et al. (2012). A Hybrid Simulation Framework to Assess the Impact of 
Renewable Generators on a Distribution Network. 2012 Winter Simulation Conference, Berlin, 
Germany. 
  
Duffie, J. A. and W. A. Beckman (2006). Solar engineering of thermal processes. Hoboken, N.J, Wiley. 
  
Endecon Engineering and Regional Economic Research Inc (2001). A Guide to Photovoltaic (PV) 
System Design and Installation, California Energy Commission: 1-39. 
  
GAMS Development Corporation (2012). "GAMS." Retrieved 05/10/2012, 2012, from 
http://www.gams.com/. 
  
H2RES MODEL (2009). "H2RES Model." Retrieved 03/05/2012, 2012, from 
http://powerlab.fsb.hr/h2res/. 
  
HOMER ENERGY (2012). "Energy Modeling Software for Hybrid Renewable Energy Systems." 
Retrieved 03/05/2012, 2012, from http://www.homerenergy.com/. 
  
Liu, B. Y. H. and R. C. Jordan (1960). "The interrelationship and characteristic distribution of direct, 
diffuse and total solar radiation." Solar Energy 4(3): 1-19. 
  
National Renewable Energy Laboratory (2012). "PVWatts - A Performance Calculator for Grid-
Connected PV Systems." Retrieved 05/01/2012, 2012, from 
http://rredc.nrel.gov/solar/calculators/PVWATTS/version1/version1_index.html. 
